Introduction
The relationship between precipitation and large-scale measures of atmospheric circulation has received much attention in recent years (e.g. Bardossy & Caspary, 1990; Bardossy & Plate, 1992; Hughes et al., 1993; Woolhiser et al., 1993; Katz & Parlange, 1993) . Some of the interest relates to quantifying the possible change in atmospheric circulation within the past two decades, with associated changes to precipitation occurrence and intensity (Bardossy & Caspary, 1990; Kiely et al., 1998) . Other interest is due to the fact that General Circulation Models (GCMs) can provide sea level pressure fields for future climate conditions (e.g. under increased greenhouse gas concentrations). However, because of their coarse resolution (e.g. there might be only one grid point for Ireland), they cannot adequately represent local precipitation. A stochastic precipitation model, conditioned on a suitable atmospheric circulation parameter/index, could be used in simulating monthly precipitation distributions. A comparison of unconditioned chain-dependent models for daily precipitation with conditioned models showed the latter to be an important improvement for the modelled stochastic precipitation process (e.g. Katz & Parlange, 1993) .
It is common in hydrology to fit stochastic models to the full time series of precipitation amounts. However, precipitation amount lends itself to splitting (or conditioning) the time series into two (e.g. the part of the series of lower precipitation amounts associated with high sea level pressure and the other part of the time series of higher precipitation amounts associated with low sea level pressure). A suitable atmospheric circulation index on which to condition precipitation could include among others: sea level pressure (SLP), geostrophic wind direction (GWD), sea surface temperature (SST) and a Lamb (1950) type wind direction classification index. Much use has been made of the 'El Niño' or Southern Oscillation phenomenon as a conditioning index in regions known to be sensitive. The North Atlantic Oscillation has also been used as a circulation index (Hurrell, 1995) . Katz & Parlange (1993) , using precipitation data for California, developed two conditioned daily models, which differ in terms of the parameters of the occurrence process and the intensity process. Each of these daily effects contributes to changes in the distribution of monthly total precipitation associated with the SLP circulation index. They showed how a daily conditioned model could be used to induce an improved monthly model. The induced model is a combination of both conditioned models Meteorol. Appl. 5, 75-87 (1998) Conditioning stochastic properties of daily precipitation on indices of atmospheric circulation with different parameters. The induced monthly means are identical to the unconditional model means, but the induced model produces a variance for total monthly precipitation that is different to the unconditional model variances and is closer to the observed variances.
In this paper we use a daily precipitation set and a daily SLP set, each of length 54 years , from Valentia in south-west Ireland. The location of the site is shown in Figure 1 . We also use a daily wind direction data set (at 850 mb) of length 35 years . We condition precipitation data by partitioning the time series of precipitation into two sets. In the case of SLP, we identify the mean monthly sea level pressure for each month. For each month (say January) we then partition the time series into a sub-series associated with Januarys above the mean January sea level pressure, and a second sub-series associated with Januarys below the mean January sea level pressure. Obviously, the Januarys associated with the 'lows' produce higher monthly mean precipitation. We develop two daily conditioned models: one associated with above mean SLP and the other associated with below mean SLP. This 'conditioning' process is repeated for each of the 12 months. Following Katz & Parlange (1993) we aggregate the two daily conditioned models to two monthly conditioned models. We then use a combination of both conditioned models to develop an induced monthly model. In the case of Geostrophic Wind Direction, we identify a 'storm window' for each month (e.g. the 180-270°quadrant) and partition the precipitation into a sub-series of those Januarys associated with a monthly mean wind direction in the 'storm window' and a second sub-series for those Januarys outside the 'window'. As with SLP we develop two conditioned daily models, and aggregate these to two conditioned monthly models and then combine both into an induced monthly model. Cayan & Peterson (1989) and Weare & Hoeschele (1983) found, for California, that patterns in atmospheric circulation (as exemplified by SLP) do have a strong effect on precipitation over much of the state, during the wet months, October to May. At Valentia, Ireland, precipitation is spread more evenly throughout the year, with a mean varying from about 70-90 mm per month in April, May, June and July to 100-160 mm per month for all other months. So, because of significant precipitation in all months, we would expect that a model of the precipitation process conditioned on SLP would be valid throughout the year, and not just the winter months.
Atmospheric circulation and monthly precipitation

Sea level pressure index
The site of this study is on the south-west coast of Ireland, where the sea level pressure data is at the same site (51°52' N, 10°23' W) as the precipitation measurements. We assume stationarity from day to day within the month, non-stationarity from month to month throughout the year and stationarity from year to year. So we allow for seasonal variations while assuming that the statistical structure is stationary within each month and does not vary from year to year. The mean monthly SLP is used to construct an index of atmospheric circulation. By definition we do not allow the index to vary within the month. The 12 months of the year are used, and each month has a different mean monthly SLP. The index is defined as:
The mean here is the historic mean for the subject month over the long term sample of the pressure record, in this case 54 years . For January, the value is 1012.5 mb and for July it is 1017.0 mb, as seen in Table 1 . SLPs (1940 SLPs ( -1993 and mean monthly active storm windows 
Geostrophic wind direction index
Using the Lamb (1950) synoptic classification, for several stations in Ireland, Houghton & O'Cinneide (1976) categorised rainfall for magnitudes (both annual totals and daily means) for [1971] [1972] . The seven classifications used are anticyclonic, cyclonic, westerly, north-westerly, northerly, easterly and southerly. For Valentia, they identify that annual precipitation is partitioned approximately as 30% to cyclonic, 30% to westerly and about 10% to southerlies. Westerlies contribute most precipitation in the autumn, while the cyclonics contribute a relatively uniform amount throughout the year and also a relatively uniform amount throughout the island of Ireland. Precipitation bearing westerlies have a distinguishing precipitation gradient from west to east across the island. Sweeney (1985) and Sweeney & O'Hare (1992) examined the categorises of Irish precipitation using an extended (27 categories) Lamb classification system. They found that cyclonic south-westerlies are the most prolific precipitation synoptic types for Ireland as a whole. It is clear from Sweeney & O'Hare (1992) that precipitation for Valentia is predominantly from the 180-270°quad-rant (i.e. from the south-west). Obviously, this 'storm window' will vary somewhat for each month of the year, as shown in Table 1 .
In conditioning precipitation with a wind direction index, it is possible to consider at least two options: the geostrophic wind direction (GWD) or the Lamb (1950) type classification. For this study we use the geostrophic wind direction (at 850 mb) and compose an index. We choose GWD partly because there is interest in a perceived circulation change (since the 1970s) towards more frequent westerlies (rain bearing to Ireland) in Western Europe (as noted by Bardossy & Caspary, 1990 , for December and January) and as such a change is readily studied in the GWD context. Figure 2 shows the monthly mean wind direction (versus the monthly total precipitation) at Valentia, and the concentration is seen to be centred about 250°or west-south-west. The wind direction from the 850 mb level was chosen as it was considered to be above the influence of local orography, as hills in the region are no higher than about 300 m. Wind direction data for the 35 year period ) on a six hour time step were used. For the 35 Januarys, we compute the 35 monthly mean wind directions. For the same time periods we compute the monthly precipitation. When the precipitation is plotted against the wind direction, we then visually identify an 'active storm quadrant', for each month, containing approximately half of the events with the largest amount of precipitation. For January we identify the 'storm window' as 220-280°and for July as 262.5-295°. Table 1 identifies the 'storm window' for all 12 months. For wind direction index notation (consistent with SLP) we adopt: I + 0 if monthly GWD is within (2) the active storm window I + 1 if monthly GWD is outside the active storm window
The GWD index is somewhat 'subjective' and so, poor selection of the 'active storm window' can lead to varying results. By comparison, the SLP index is more objective, and simpler to compute. As with the SLP index, on the assumption of stationarity, we do not permit the GWD index to vary within the month.
Conditioning precipitation with atmospheric circulation indices 
Summary statistics for unconditioned and conditioned monthly distributions
Using SLP conditioning to partition the data from 1940-1993, the observed monthly standard deviations of the unconditioned and conditioned distributions for the total precipitation for each of the 12 months at Valentia are summarised in Table 2 . Similarly, Table 3 is a summary based on conditioning with GWD for the period available, 1952-1986.
Figure 3(a) shows the mean monthly precipitation for the unconditioned and two conditioned distributions based on SLP. It shows that:
(a) The conditioned mean (I = 0, low pressure) is always greater than the unconditioned mean. (b) The conditioned mean (I = 1) is always less than the unconditioned mean.
Figure 3(b) shows the mean monthly precipitation for the unconditioned and two conditioned distributions based on GWD. It shows that:
(a) The conditioned mean ('within the storm window', I = 0) is higher than the unconditioned mean for all months except June.
(b) The conditioned mean ('outside the storm window', I = 1) is lower than the unconditioned mean for all months except June.
The differences between the two conditioned means for the SLP case are greater than the corresponding differences in the GWD case. For both SLP and GWD conditioning, the conditioned monthly standard deviations as shown in Figure 4 are always less than the unconditioned standard deviations. Since the time series record for the conditioned sets is shorter than that for the unconditioned time series, we expect the conditioned standard deviations to be less than the unconditioned. While the unconditioned mean is simply the weighted average of the two conditioned means, the unconditioned standard deviation is not the weighted average of the two conditioned standard deviations. It is the standard deviation of a mixed distribution, made up of the two conditioned distributions. divides the precipitation event into a simple two component process: an occurrence process or sequence of wet and dry days, and an intensity process which defines the intensity in each wet interval.
The occurrence process {J t : t = 1, 2,…} is defined as:
The occurrence process is assumed to constitute a two state, first order Markov-chain (Waymire & Gupta, 1981) . The stochastic model is completely characterised by the transition probabilities:
where P ij is the probability that J t+1 = j given that J t = i. For example, P 01 is the probability of a wet day following a dry day and P 11 is the probability of a wet day following a wet day. Clearly P i 0 + P i1 = 1. The Markovchain is defined by the probability of a wet day, π , and the first order autocorrelation coefficient, ρ (persistence parameter):
The intensity process is represented by a series of random variables {X k ;k=1,2,…} where X k is the amount of precipitation on the k'th wet day. The distribution is assumed to have a mean µ and variance σ 2 . Daily precipitation distributions are positively skewed, so to 'normalise' we use a power transform function (after Katz & Parlange, 1993) :
where X k * has a normal distribution with transformed mean µ* and transformed variance (σ*) 2 . Typically, the mean and the variance (µ and σ 2 ) of the untransformed intensities are functions (depending on the power transform parameter p) of both the transformed mean and variance (µ* and (σ*) (a) the unconditioned model for all (54) years, (b) the conditioned model for low pressure months (I = 0), and (c) the conditioned model for high pressure months (I = 1).
All three models are assumed stationary within the month, and the power transform parameter is constrained to remain the same for all three models within the month (Katz & Parlange, 1993) . Table A1 in the Appendix shows the estimated parameters for the unconditioned and two conditioned models for daily precipitation, for each of the 12 months at Valentia. For the unconditioned model the estimated probability of a wet day, p, ranges from 0.606 in May to 0.813 in December, verifying the seasonal differences. The unconditioned daily mean intensity ranges from 4.1 mm in June to 6.74 mm in October. It is found that:
(a) For the conditioned model (low pressure months), the probability of a wet day, π, is always higher than the unconditioned model, although no such clear trends are apparent for the persistence parameter, ρ. (b) For the conditioned model (high pressure months), the probability of a wet day , π, is always lower than the unconditioned model, and again no such clear trends are apparent for the persistence parameter, ρ.
Figure 5 is a plot of the seasonal variation of daily statistics: the mean intensity, standard deviation, the occurrence (or probability of a wet day) and the persistence parameter for the unconditioned and two SLP conditioned models. The daily mean is very sensitive to SLP conditioning as evidenced by the difference between the two conditioned models of 56% and 58% for the months of February and September respectively. The same trend, though less dramatic, holds for the standard deviation of daily precipitation. For both the mean and standard deviation the least pronounced differences are in June. Figure 5 (c) shows that the daily occurrences (probability of a wet day) are very different for the unconditioned and conditioned models with differences as high as 42% for August and 36% for May, but as low as 11% for December. The power transform parameter was found to alternate between 1 ⁄ 8 and 1 ⁄ 4. In general, the untransformed mean depends on both the transformed mean and the variance. Likewise, the untransformed variance depends on both the transformed mean and the variance. Table A1 in the Appendix shows that the transformed daily mean increases (or decreases) when the untransformed mean increases (or decreases). For the exact formulae in the simpler case of the square root transformation see Katz & Garrido (1984) .
Daily model fitting with GWD index
As with SLP, the chain-dependent process, using GWD conditioning, is fit to three different time series of daily precipitation amounts: (a) the unconditioned model for all 35 years, (b) the conditioned model for years with I = 0 (months in the storm window), and (c) the conditioned model with I = 1. Table A2 in the Appendix shows the estimated parameters for the unconditioned and two conditioned models for daily precipitation, for each of the 12 months at Valentia. The data set used in the GWD computations is for 35 years, as compared with the 54 years for the SLP exercise, so we expect some differences in the unconditioned model results. The daily mean intensity is sensitive to conditioning and the difference between the two conditioned models is as much as 46% for the month of July and 36% for September.
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Figure 5. (a) Daily mean intensity, (b) standard deviation, (c) probability of wet days (only) and (d) persistence for the unconditioned and SLP conditioned models.
The same trend holds for the standard deviation of daily precipitation. For both the mean and standard deviation the least differences between the two conditioned models are in April and June. Tables A1 and A2 , for the SLP and GWD respectively, indicates that SLP indexing shows greater distinction between the two conditioned models (I =0 and I =1) for the mean, standard deviation and probabilities of wet days, over almost the full year. The remainder of this paper therefore concentrates on the SLP models rather than on the GWD model. Tables A1 and A2 enumerate the four parameters (π, ρ, µ*, σ* ), some or all of which may be allowed to vary with the SLP or the GWD index, to produce the best fit to the time series of daily precipitation. Using the method of maximum likelihood (e.g. Katz & Parlange, 1993) , the optimum number of parameters was found to be two, π and µ* . In other words, we can at least be confident that the relative frequency of wet days as well as the mean and standard deviation of the distribution of daily intensity (recall from section 5 that varying µ* changes both µ and σ even if σ* is held constant) are all affected by the two circulation indices. However, in the interests of simplicity, we allowed all four parameters to vary in the fully conditioned models.
A comparison of
Induced model for monthly precipitation
Properties of the induced model
We have seen in sections 6 and 7 the effects of largescale atmospheric circulation indices of SLP and GWD on the magnitude of the occurrence (π, ρ ) and intensity (µ, σ ) parameters of the daily precipitation models. We are interested in the aggregation of the statistically generated daily precipitation to monthly precipitation using the chain-dependent process (Katz, 1977b) . The non-zero daily precipitation amount time series is represented by X 1 … X N , where N is the number of wet days ( a random variable) of a total series of T days (a month). Its distribution is determined by the Markovchain model, equations (3) to (5), for the daily occurrence process J t . The total monthly precipitation S T (sum of the daily intensities), the mean E(S T ), and the variance Var(S T ) for the unconditioned model can be computed (Feller, 1968) , from:
where E is the expected value.
The mean monthly precipitation computed from equation (9) is similar to that of observed monthly means (Figure 3) . However, the monthly variance computed from equation (10), and shown in Tables 2 and 3 , poorly estimates the observed values of Figure 3 . So while aggregating the daily mean to the monthly mean is acceptable, aggregation of the variance is far from adequate. As the distribution of the individual daily precipitation intensities is positively skewed (as governed by the power transform parameter, ) the distribution of the total monthly precipitation should be to some extent positively skewed. The shape of the monthly distribution can be estimated using simulation algorithms, and is discussed in section 8.
The effects of conditioning are examined using an induced model based on combining the conditioned models. This induced model for monthly precipitation is a combination of the two chain-dependent processes ( Katz & Parlange, 1993) . The mean and variance of the total monthly precipitation is expressed in terms of the conditional means and variances, given the circulation index I, as:
The monthly mean estimated from equation (11) is the weighted average of the two conditioned means, and yields a mean similar (not necessarily identical) to the unconditioned mean, and so serves only as a computational check. However, the variance from equation (12), is not a weighted average of two conditioned variances, because of the second term of equation (12). The underestimate of variance in stochastic precipitation modelling is one of its major weaknesses (e.g. Gregory et al., 1993; Katz & Parlange, 1996b.) and here with a mixed distribution we are able to arrive at an improved estimate of the monthly variance. The induced model for daily/monthly precipitation is treated in more detail in Katz & Parlange (1996a) .
Results of the induced monthly model
The mean monthly precipitation depends on the probability of a wet day (π) and on the mean untransformed daily precipitation (µ). In Table A1 , for the SLP model, π is more important than µ for the months of June, August and November and µ is the more important for the other nine months (as defined by the percentage difference between the π at I = 0 and I =1 and µ at I =0 and I = 1). For example for April, if π is varied between its two conditional values and µ is held constant at its unconditional value, substituting into equation (9), yields a range of 28.2 mm or 35% of the unconditional mean. However, if π is held constant and µ is varied, the range is 19.3 mm or 24% of the unconditional mean. For the GWD model, π is more important than µ except for the months of January, September and December.
The four daily model parameters π, ρ, µ and σ 2 each make important contributions to the variance of monthly precipitation. From Table A1 for the SLP model and Table  A2 for the GWD model, we find that the differences for intensity parameters µ and σ 2 (between I = 0 and I = 1) are
Conditioning precipitation with atmospheric circulation indices more significant than the associated differences for occurrence parameters. This is determined by comparing the results obtained by substitution into equation (10), by first holding π and ρ constant at their unconditional values and allowing µ and σ 2 to vary between their conditional values and secondly by holding µ and σ 2 constant at their unconditional values and allowing π and ρ to vary between their conditional values. Table 2 compiles the results of the SLP induced model for the standard deviation for each of the 12 months. It is seen that the standard deviation of the unconditioned model underestimates the observed values by up to 36% in at least three months. The conditioned models also underestimate the empirical standard deviation, but by values somewhat less than the unconditioned model. The induced model is an improvement with those months that were up to 36% underestimates, now closer to 15% underestimates. The standard deviation for the induced model is plotted in Figure 6 , and an improvement is seen for all months, with five of the 12 months reproducing the observed standard deviation. This improvement in modelling the standard deviation is similar to the finding of Katz & Parlange (1993) . Table 3 compiles the results of the GWD induced monthly model for the standard deviation for each of the 12 months. The induced model is only a slight improvement on the estimates of the monthly standard deviation. Those months that were up to 36% underestimates for the unconditioned model are now about 28% underestimates using the GWD induced model. Clearly, with regard to modelling the standard deviation of the monthly total precipitation, the SLP index is a significant improvement over the unconditioned model and better than the GWD model induced model.
Shape and results of the distribution of monthly precipitation
In addition to the mean and standard deviation of the monthly precipitation, the distribution can also be modelled. The distribution of daily total precipitation is positively skewed (as is monthly precipitation). This monthly distribution can be estimated by simulation. Chain-dependent processes because of their structure are amenable to simulation algorithms. Synthetic sequences, representing time series of daily precipitation amounts, are generated for both conditioned chain-dependent processes (I = 0 and I = 1), and then summed to obtain an artificial monthly total precipitation. The simulation experiment was run 1000 times for each model, producing empirical conditioned distributions of monthly total precipitation given the circulation index I. Figure 7 summarises the result of the SLP simulation experiment for the 12 months, for I = 0 and I = 1. The parameters (π, ρ, µ*, σ* and p) with values from Table A1 are used in the simulation run, for both I = 0 and I = 1. It is of interest to note that the monthly mean of the distributions for I = 0 (low pressure) and I = 1 are significantly different for most months as shown in Figure 3 . The mean monthly difference is highest at 80 mm for September and October and lowest at 26 mm for June and 34 mm for April. It is also clear from Figure 7 that the shape of the distribution is less positively skewed when I = 0 (low pressure). Because we only have 54 years (i.e. 54 Januarys ) it is not possible to see this effect from the real data. Figure 8 shows the result of the GWD simulation experiment for the 12 months, for I = 0 and I = 1. The parameters (π, ρ, µ*, σ* and p) with values from Table  A2 are used, for both I = 0 and I = 1. Like the SLP model, the differences between the mean monthly precipitation are significant but not as significant as with the SLP model. The greatest difference is for September at 66 mm and the lowest is for June with 0 mm. It is also clear from Figure 8 that the shape of the distribution is less positively skewed when I = 0 (low pressure). Because we only have 35 years (i.e. 35 Januarys) it is not possible to see this effect from the real data.
Discussion and conclusions
Long time series of daily precipitation at Valentia, on the south-west coast of Ireland, have been fit with unconditioned and conditioned chain-dependent processes. An occurrence process and an intensity process define the chain-dependent process. Conditioning has been done using two different indices of large-scale atmospheric circulation, namely: monthly sea level pressure (SLP) and monthly geostrophic wind direction (GWD), both at the same site. Using SLP, the mean monthly sea level pressure is first determined for each month, and then the conditioned models are partitioned into two sets: one precipitation data set associated with higher than the mean monthly SLP and the second set associated with low pressure. A similar indexing using geostrophic wind direction is used, G Kiely et al. 82 where the dominant precipitation bearing wind directions are confined to an active storm 'quadrant', analogous to low sea level pressure.
The length of records used for SLP analysis was 54 years and 35 years for the GWD analysis. However, there is almost no difference between the SLP and GWD observed unconditioned monthly means ( Figure  3) and no difference between the SLP and GWD unconditioned monthly standard deviation, as shown in Tables 2 and 3 . There are significant differences (as much as 32% for October) for the (I = 0) conditioned standard deviations, between SLP and GWD. Similarly, there are significant differences (as much as 89% for September) for the (I = 1) conditioned standard deviation between SLP and GWD.
The two conditioned models produce significantly different parameters of the occurrence (probability of a wet day) and intensity process (mean of intensity). Obviously, higher probabilities of wet days and higher mean intensities are associated with the 'low pressure' conditioning. The same holds for the GWD conditioning of the active storm 'quadrant'. An induced monthly model, composed of combining both conditioned models, produces a variance which is much closer to the observed, more so for the case of SLP conditioning than for the GWD conditioning. The standard deviation for monthly total precipitation using the induced model is an improvement on the unconditioned model. 
Appendix. Parameters of daily precipitation
This appendix contains Table A1 and Table A2 . The estimated parameters in Table A1 are for the unconditional and SLP conditional chain-dependent processes for the time series of daily precipitation amounts for all 12 months of the year. Table A2 shows the corresponding parameters for the GWD case. The data used to plot Figure 5 is contained in Table A1 . A similar plot to Figure 5 for the GWD case can be created from Table A2 but is omitted here in the interest of brevity. Both tables contain (for the daily model) the parameters of the occurence process (occurrence and persistence) and the intensity process (mean and standard deviation), for the unconditional and two conditional models. Also included are the parameters of the transformed intensity process (exponent p, tranformed mean and transformed standard deviation). 
